I. . Introduction
Given an arbitrary deployment of sensor nodes, one fundamental design issue in wireless sensor networks (WSNs) is to connect the source nodes collecting sensing data to the sinks so that sensing data flows efficiently and reliably to the sinks. To facilitate such data collection, we require a path formation protocol that will determine multi-hop routes between source nodes and data sinks. We avoid strategies that rely upon global coordination and optimization because these approaches do not scale well in large networks or networks where nodes are added or deleted dynamically, or where connections form or break easily. To find strong solutions that rely upon local interactions, we draw inspiration from true slime mold Physarum polycephalum, a biological system that has properties aligned with the requirements of sensor networks. In particular, Physarum polycephalum dynamics constructs resource distribution networks in response to environmental conditions. Slime mold Physarum polycephalum is a multinuclear, single-celled organism that has properties making it ideal for the study of resource distribution networks [1] . While the organism is a single cell, it can grow to tens of centimeters in size. The presence of nutrients in the cell body triggers a sequence of chemical reactions leading to oscillations along the cell body [4] . Tubes self-assemble perpendicular to the oscillatory waves to create networks linking nutrient sources throughout the cell body. There are two key mechanisms in the slime mold life cycle that transfer readily to WSNs. First, during the growth cycle, the slime mold will explore its immediate surroundings with pseudopodia via chemotaxis to discover new food sources. We applied this mechanism successfully to WSNs This work is supported in part by National Science Foundation under grants CCF-0726556 and CNS-0347460.
in a previous work treating data sources and sinks as singular potentials [2] . Now, we exploit the second key mechanism which is the temporal evolution of existing routes through nonlinear feedback to efficiently distribute nutrients throughout the organism. In slime mold, it can be shown experimentally that the diameters of tubes carrying large fluxes of nutrients grow to expand their capacity, and tubes that are not used decline and can disappear entirely. In the context of WSNs, the diameter of a tube denotes the data rate of a wireless channel.
II. . A phenomenological model for slime mold
We base our WSN protocol on the phenomenological model proposed by Tero et. al. for tube evolution in Physarum polycephalum to reproduce slime mold maze solving experiments [3] , [5] . The model captures the evolutional tube capacities in an existing network through a dynamic system as follows. Original model consists of a set of nodes representing either a food source or a junction in the maze connected by a set of edges. Along each edge, the flow of nutrients from node i to node j is represented q ij . Flow through the network is driven by a pressure at each node p i . The diameter of each tube is presented by D ij . At each node, a Kirchoff law is required to enforce conservation of nutrient flux at each junction. All these variables evolve in time as follows:
where N i represents the set of neighbors of node i, m i is the nutrient flux into the network, f (x) is either an exponential or sigmoidal function describing the rate of growth of the tube size in response to nutrient flow rate, and r is a tube size linear decay rate. In Tero's paper, nutrient sources were designated to be m i = 1 at the entrance or m i = −1 at the exit to drive flow through a maze. At junctions within the maze, m i = 0.
We use the Tero model as a foundation for a protocol for WSNs. While the distinction of identical nutrient sources as either m i = +1 or m i = −1 in the slime mold seems arbitrary, this aspect of algorithm maps well to WSNs which have sensors that are data sources and sinks that represent highly capable nodes collecting sensing data. We represent f (x) slightly differently from Tero et. al. as
where D max is a specifiable upper limit on D. The set N i of neighbors is the set of nodes within the transmission radius of node i. Thus, there is a communication link between node i and all members of N i . The exponent μ plays a critical role in the performance of this model. The outward fluxes from a node i guide the protocol in how packets are routed through the network. If we denote O i to be the subset of k ∈ N i such that q ik > 0, O i represents the next-hop neighbors of node i on a route toward the sink. We define the ratios,
If node i has N data packets to send, Np ij packets would be sent to node j for each j ∈ O i . While the p's do not necessarily represent a probability, we can pose a stochastically equivalent protocol by routing each packet arriving at node i to node j with probability p ij . The algorithm for this protocol operates in real time without explicit clock synchronization between nodes. All that is required is that clocks run forward at approximately the same rate. The model (1) is globally coupled through the pressure field, but for a WSN protocol, we must solve it with local information. Each node i possesses values for p i , p j and D ij , for all j ∈ N i . Every node broadcasts its updated state to its neighbors at a time interval of Δt sync , which allows globally coupled information to propagate across the network. Locally, each node i must satisfy Kirchoff's law (1a) using a local, iterative procedure.
III. Validation
To validate the protocol, we systematically studied the stationary solutions of the dynamical system (1) on a small network and compared exact solutions (to machine precision) with realistic QualNet simulations. On small and large networks, we have found that systems with μ < 1 will evolve toward multi-route robust networks whereas systems with μ > 1 evolve into systems with single route, often corresponding to minimal or near-minimal hop-counts. 
IV. Conclusion and future work.
The algorithm works effectively for networks with large numbers of sources and a single sink. Our local synchronization algorithm is effective in iteratively solving the global pressure solution. The critical parameter μ controls whether single or multiple route connections are created. Future work will focus on exploring parameter sensitivity in the model, and modifying this biologically inspired model to solve wireless sensor problems where the network must coordinate routing to two or more sinks.
